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Abstract—In this paper, we evaluate realizations for imple-
menting an RFID reflected electro-material signature (REMS)
sensor. REMS sensors allow passive measurement, recording,
and reading of environmental data such as temperature in a
small, low cost device. This paper presents results from two
configurations: a three-section lossless microstrip transmission
line and a monopole probe inserted into a lossy medium. A neural
network is used to recover the permittivity profile in either case,
based on the reflection coefficient of the wave backscattered from
an RF tag. The neural network incorporating the Levenberg
Marquardt back-propagation algorithm is evaluated in terms of
average error, regression analysis and computational efficiency in
the presence of realistic noise. A unique contribution of this paper
is the exploration of REMS using a dissipative electro-material
medium. In the lossy case, two real-valued neural networks are
integrated together to reconstruct the complex permittivity from
the measured reflection coefficient. The approach is verified over
the frequency range 4.0 - 5.0 GHz and less than 4% error was
observed in presence of white Gaussian noise with 10dB SNR.

I. INTRODUCTION

Wireless sensing is gaining interest from a wide variety
of disciplines. Passive sensors, reducing cost and eliminating
the life dependency on batteries, are obviously the preferred
option. Advances in passive RFID sensors and recent de-
velopments in materials allow a number of tracking and
sensing applications. As an example, capacitive peak strain
sensors, using two concentric conducting pipes with dielectric
in between, have been developed to monitor the structural
health of materials [1]. The relative displacement of the pipes
can be gauged through the change in capacitance, which
causes a resonant frequency shift detectable by the RFID
sensor. A second example is that of a corrosion sensor, which
exploits the shift in resonant frequency as the length of the
sensor wire changes, to sense the corrosion thresholds [2]. In
the recent past researchers have also proposed single walled
nanotube based inductively coupled passive wireless sensors
for structural monitoring [3].

With recent advances in passive sensing, there is interest in
sensors capable of monitoring variables over time in material
or food supply chains. For example, when perishable goods
are transported though cold supply chains and are exposed
to temperature fluctuations, it results in reduced shelf life or
quality degradation. One way of verifying that refrigerated
food has been maintained at an appropriate temperature during
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storage and shipping is through the use of an RFID-based
reflected electro-material signature (REMS) sensor, described
below. REMS sensors are similar in concept to structural
health monitors.

In our proposed system, the REMS sensor is a passive RF
tag, which provides information through its input impedance.
The input impedance of an RF tag is dependent on the physi-
cal/material properties of the tag, and this can be exploited to
estimate the tag’s permittivity using the multiport tag concept
[4], [5]. Based on the fact that the RFID tag performance
deteriorates in close vicinity of metals, Bhattacharyya et. al.
proposed a RFID-tag-antenna-based sensor for temperature
thresholds and displacement sensing [6]. They have also
highlighted the concept of non-electronic memory in terms
of recording the occurrence of an event in past: the event has
occurred or not.

A REMS sensor must incorporate materials whose permit-
tivity parameters can change significantly with environmental
conditions [7]. A simple REMS sensor consists of an antenna
attached to a microstrip transmission line, which in turn is
routed over one or more sections of variable permittivity
material before being terminated in a load. The environmental
variables are recorded in the permittivity profile of the variable
permittivity material, which can be in principle extracted
from the backscattered wave. This is a form of the classical
one-dimensional inverse scattering problem. For profile inver-
sion in a lossy inhomogeneous media, analytical techniques
are difficult to implement in most practical situations, and
thus various numerical techniques have been investigated
[8]. Researchers have explored methods such as the finite
difference time domain technique [9] and 1-port and 2-port
measurements [10] for extracting the material properties using
the reflection/transmission methods. Artificial neural networks
have been employed across a wide field of applications,
including RF and microwave design [11], [12]; and inverse
electromagnetic problems [13], [14], [15], and [16]. Neural
networks are gaining popularity for material science based
research as well, and are particularly suited to non-linear
inverse profiling problems [17]. In this paper we propose a
neural network based methodology for passive REMS sensing.

The REMS sensing concept is explained in the following
section. A brief introduction to neural networks is given in
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Fig. 1. Components of a REMS Sensor.

section III. Two proof-of-concept structures are investigated as
possible implementations. The first is a three section lossless
material line, discussed in section IV. For practical scenarios,
specially in the context of a REMS sensor, it is important to be
able to extract the material properties of a dissipative electro-
material line. A possible structure incorporating a monopole
probe to measure the complex permittivity is described in
section V, followed by the discussion and conclusion in section
VI. Our previous work includes a study of the feasibility of the
REMS sensing concept [18]. That study, which was limited
to lossless materials, is reviewed below. The present work
extends that research to lossy materials.

II. REMS SENSING CONCEPT

A REMS sensor consists of three distinct components
working together to provide the capability to passively sense
environmental information. The first component is the electro-
material line, a chemical strip sandwiched between the ground
plane and top trace of an RF tag’s microstrip transmission line.
The second component, the reflector circuitry, consists of the
transmission line itself, the radio-frequency integrated circuit
(RFIC) that performs backscatter and identification functions,
and any RF tag antennas. Finally, an RF reader must be
used to interrogate the REMS sensor as well as perform the
signal processing for data extraction. These components are
illustrated in Fig. 1. Conceivably, the REMS concept could be
implemented with existing UHF or microwave passive RFID
integrated circuits, greatly lowering cost and allowing passive
interrogation of the sensor. In a conventional backscatter RFID
system, the signal is reflected from a binary-switched load,
providing two potential frequency-dependent measurements
for extracting material line parameters [19]. Since an RFID
reader filters out unmodulated scatter components, an RFID-
based REMS sensor would allow a much more precise mea-
surement compared to other forms of remote sensing.
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Fig. 2. The polymerization process records the historical temperature profile
in the spatial distribution of electrical properties of the material line.

Any material that has environmental sensitivity to perme-
ability, permittivity, or conductivity may be a candidate for
the electro-material line in the REMS sensor. For example,
a simple instantaneous temperature sensor could incorporate
thermotropic liquid crystals. These types of liquid crystals
experience state disordering upon heating, leading to a change
in their electrical (and optical) properties [20], [21]. Another
candidate material may be a line substrate doped with fer-
roelectric or super-paramagnetic particles [22]. Such a de-
vice could use the nonlinear relationship between field and
flux density components to sense external field strengths.
Our immediate interest in REMS is to sense the electrical
properties of thermotropic liquid crystals (LCs) trapped in
a polymer substrate to record the temperature data. As the
temperature changes with time, the polymerization process
through the material line records the historical temperature
profile in the spatial distribution of the electrical properties.
One such material line is shown in Fig. 2.

The REMS sensor concept may also allow for materials
that time-record other environmental attributes, thus providing
a form of chemical memory rather than electrical memory that
would achieve a completely passive sensor. This type of sensor
functionality cannot be achieved under today’s ‘system on a
chip’ paradigm, which still requires external power supplies
for electronic memory recording functions.

The REMS concept was demonstrated in a recent study [18],
where the sensor is modeled using three cascaded microstrip
transmission lines (Fig. 3), each with a different substrate
material acting as three wells of sensor material. The line is
terminated in a resistive load which causes part of the incident
wave to be absorbed and part reflected back to the input port.
For the frequency range of 1-5 GHz, the relative permittivity,
€., of each segment was swept across a range of values, and
the values of reflection coefficient, I';, at the input of the
system were computed. Each transmission line acts as a two
port network, and the complete system of the cascaded lines
can be analyzed in terms of S-parameters and signal flow
graphs using Eq. 1 [23].
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Fig. 3. The microstrip line model with three discrete segments, having
different permittivity profiles, terminated in a load to emulate a REMS sensor
with three wells of sensor material.
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Our goal is to reconstruct the spatially distributed per-
mittivity profile. The complex-valued reflection coefficient
contains magnitude and phase information, and RFID readers
perform fully coherent detection and recover both [24]. In
our system, both the phase and the magnitude are used by
the inversion algorithm. To demonstrate that the response to
slight perturbations in the permittivity profile is substantial, the
dielectric constant of the second bin in Fig. 3 was changed
for four different values, and the reflection coefficient was
calculated for each case. The effect on I';,,, for four values
of €9, with ¢,4 = 2.5 and €,3 = 3.5, is shown in Fig. 4.
Theoretically, every material profile will produce a unique
frequency sweep, although designing a wide range of switch-
able loads (Z4, Zp, and possibly more) will greatly affect
measurement resolution and sensitivity. The amount of power
backscattered depends on the impedance mismatch between
the antenna and the material line terminated in Z 4 or Zg. The
corresponding reflection coefficients, I'4 and I'p, determine
how much power is available to power up the RFIC and how
much is backscattered.
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Fig. 4. Phase and magnitude of I'yx for €,2 = 2, 3, 4 and 5, calculated
from the signal flow graph.
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Fig. 5. Three layers of multiple neurons.

IIT. NEURAL NETWORKS

The idea of neural networks evolved in the late 19th century
in an attempt to understand how the human brain functions.
The concept of decentralized network units (neurons) was
introduced in 1943 when McCulloch and Pitts developed the
first mathematical model of a neuron [25]. Inspired from
brain function, the neural network is generally used to solve
artificial intelligence problems without requiring a model of
the system. Neural networks are adjusted and trained to solve
the problems that are difficult to solve using conventional
techniques and are extremely useful in pattern recognition and
function approximation problems.

In a typical single neuron having a scalar input p, p is
multiplied with a weight w and added to a bias/offset b. The
output forms the argument of an activation function (transfer
function) f, whose output a is the output of the neuron. The
activation function is chosen by the designer, while the weight
and bias (if used) are adjusted by some learning rule [26]. The
output function is described by Eq. 2.

a = f(wp+Db) (2)

For many systems, one neuron is insufficient and therefore
multiple neurons and multiple neuron layers are used, as
depicted in Fig. 5. For one such layer comprising .S neurons,
there may be an arbitrary number of inputs R, each connected
to all S neurons. The resulting weight matrix has dimension
S x R. The number of neurons is independent of the number
of rows and columns [26]. All neurons usually have the same
transfer function, although this is not always the case [26].
In the event that one layer of multiple neurons is inadequate,
a network with additional (hidden) layers can be used. Each
layer has its own weight matrix W, bias vector b, net input
vector n, and output vector a. For R inputs and S' neurons
in the first layer, the second layer can be considered as a
layer with S* inputs, S? neurons and a weight matrix of order
S1 x S2. The input to the second layer is a' and its output is
the input to the next layer.

The final output, a>, is given by Eq. 3.

a® = PPV Wp+b) +07) +b%)  (3)

The transfer function may be linear or non-linear depending

upon the problem. We use the logsigmoidal transfer function,
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which takes an input from minus infinity to plus infinity and
compresses the output into the range 0 to 1 according to the
expression in Eq. 4.
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The training algorithm must minimize the errors between
the desired and the actual network outputs as quickly as
possible. A variety of heuristic or numerical optimization
algorithms are reported in the literature [26], [27], [28],
[29], [30], [31]. Our preliminary investigation suggested that
the Levenberg Marquardt (LM) algorithm exhibited superior
performance in terms of absolute average error and the com-
putation time [18]. The algorithm was designed to approach
second order training speed without computing the Hessian
H, instead using the approximation H = JZ.J, where J is
the Jacobian containing the first derivative of network errors
with respect to weights and biases. The gradient is computed
as g = J' e, where e is the vector of network errors [32]. The
Jacobian is computed through a standard back-propagation
technique which is much less complex then computing the
Hessian [33]. The algorithm may be written as

Tp1 = — [JET+pl] I e %)

IV. REMS SENSOR FOR LOSSLESS MATERIAL LINE

As a first step for using neural networks in the REMS sensor
application, a feasibility study was carried out for a lossless
material line [18]. Training data were generated by computing
T';,, for cascaded microstrip lines, emulating three bins of the
electro-material line as shown in Fig. 6, where Z4 and Zp
denote the switchable loads at the input port of the RFIC. For
the purpose of training and then testing and validating, the
magnitude and phase of reflection coefficient were organized
in the data matrix D, which has the form shown in Eq. 6.

o-(4]

To test the methodology, the dielectric constants €,1, €2
and €,3 were varied from 2-5 with a step size of 0.1, as the
frequency was swept across the 5-6 GHz range with a step

T

T (6)
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size of 100 MHz. The resulting data matrix had dimensions
22 % 29,971. The ANN architecture is described in Fig. 7.

The best-performing architecture was determined by carry-
ing out simulations with single hidden layer networks of 5,
10, 15, 20 and 25 neurons, and a two layer network with 10
neurons each. The results were compared in terms of error
and the coefficient of regression analysis. Each network was
tested for a range of permittivity values. A single layer with 20
neurons appeared to produce the best absolute mean error and
computation efficiency, even in the presence of white Gaussian
noise [18]. The % errors for 20 neurons in the absence of noise
are shown in matrix %FEs in Eq. 7.

4.6% 1.04% 0.14%
%Fy = | 1.37% 0.11% 0.5% )
0.30% 0.17% 0.23%

The REMS sensor was further validated experimentally, us-
ing a device with three microstrip transmission lines cascaded
together. Each microstrip line was 1.25cm long and 0.5cm
wide, with the substrate height of approximately 0.13cm.
Materials with parameter values of €,y = €,3 = 6.15 and
€ro = 2.2 were used. The microstrip line was terminated in a
5012 load.

For training purposes, simulation data were generated for
€1 and .3 swept across the range from 5 - 8, and for €,
from 1.1 - 3.6. A neural network containing a single hidden
layer of 20 neurons was trained with data containing white
Gaussian noise (10dB SNR). A network analyzer was then
used to record S-parameters over the frequency range 1.0-2.5
GHz, and these were used as input to the ANN. To ensure that
the algorithm converged to the global minimum, the neural
network was tested three times with different starting weights
each time. The three sets of results are tabulated in Table I.
These results exhibit an average absolute error range of £0.6
and a coefficient of regression, R, greater than 0.92. The %
error in the center bin (Trans Line 2) is comparatively higher
as compared to the % error in the estimated permittivities of
lines 1 and 3. However, the absolute error in the estimated
relative dielectric constant of each section of the transmission
line remains around +0.6. The increased % error in the center
bin is a consequence of the lower value of ¢,.o in comparison
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Input  Weight Neurons Log Sig We|g.ht haurons Transf:er
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Fig. 7. ANN architecture for backsolving permittivity profile of a microstrip
line structure emulating a 3-bin electro-material line



to the others. Additional results and discussion of this sensor
prototype may be found in [18].

V. RECONSTRUCTING COMPLEX PERMITTIVITY

The electrical properties of materials are characterized by
the complex permittivity €, which describes the interaction of
a material with an applied electric field. The relative complex
permittivity is a dimensionless quantity defined by

"

€ = e;. — Je, (8)

where e; is the real part and e: is the imaginary part.

The real part of permittivity (e;,) is related to energy
storage and the imaginary part (e: ) to dissipation. For most
substrates, microstrip lines have a very low loss tangent and
may be approximated as lossless. However, in liquids, e: can
be as high as e;. For a REMS sensor electro-material line
that relies on the spatially distributed electrical properties of
thermotropic liquid crystals, it is important to extend the neural
network based methodology to extracting the complex material
properties. Different resonant and non-resonant methods have
been reported in the literature for measuring the complex per-
mittivity of materials [34]. The input impedance of a monopole
probe immersed in an approximately semi-infinite dielectric
medium may be used to determine the complex permittivity
of the medium [35]. Based on the rigorous expression for the
impedances of monopole antennas in half space [36], various
in-situ procedures are reported in the literature for extracting
complex permittivities [37], [38], [39].

To better understand the thermo-responsive nature of ma-
terials at microwave frequencies, a nematic liquid crystal
4-Cyano-4 Pentylbiphenyl, commonly known as 5CB, was
studied using a monopole probe. SCB is a nematic liquid
crystal which undergoes a phase transition from a crystalline
state to nematic state at 18°C and it goes from nematic to an
isotropic state at 35°C'. To observe the thermo-responsiveness,
a 10mm long monopole probe was immersed in 5CB, and S11
measurements were recorded using a vector network analyzer
for temperatures varying from 19.8°C to 25.7°C'. The results
are shown in Fig. 8.

A noticeable change is observed in S11 measurements
recorded for the frequency range from 2 - 5 GHz, suggesting
the possibility of sensing temperature variations as small
as approximately 2°C. Similar thermotropic behavior was
observed for Isopropyl Alcohol when temperature was varied
from 9.7°C' to 36.9°C. S11 measurements of a monopole
probe immersed in Isopropyl Alcohol are shown in Fig. 9.
This leads to the next step of developing a methodology to
extract the complex permittivity of the material using a scheme
applicable on the REMS sensor.

Our previous work, shows that neural networks can be
used to reconstruct the permittivity profile of lossless stratified
medium from the complex reflection coefficient [18]. For a
dissipative medium, the complex-valued nature of the per-
mittivity makes the problem incompatible with conventional
neural networks, which are designed to process real-valued
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data. One possible approach is to use a complex valued
back propagation neural network, which might result in better
accuracy, but these are considered more difficult to implement
[40]. Another possible approach is to split the network into
two networks, one dealing with the real part and the other
dealing with the imaginary part (with both using real valued
input data). Such an approach, for a broad-band evaluation
of complex permittivity, employed the finite difference time
domain technique to generate training data [41]. However,
this approach has limitations such as the loss of correlation
between the real and imaginary parts of the complex input data
[42]. In fact, there is usually considerable correlation between
the real and imaginary parts of the complex data, which can
not be effectively utilized if real and imaginary values of data
are manipulated independently [43].

Here we propose a different approach to serve as a proof-
of-concept for a lossy REMS sensor. We use a monopole
probe embedded in a lossy medium in conjunction with two
back-propagation neural networks to reconstruct the complex



TABLE I
THE ACTUAL VALUES OF €r1,2,3 COMPARED TO THE VALUES ESTIMATED USING NEURAL NETWORKS FOR THE FREQUENCY RANGE 1-2.5 GHz.

Trans Line 1~ Trans Line 2 Trans Line 3 | Average Error
€rl €r2 €r3 (Ern - Erne)
Target Value (€,y,) 6.15 2.20 6.15
Estimate 1 (€rne) 5.72 2.73 5.60
% Error 6.9% 24% 8.9% 13.2%
Estimate 2 (€rne) 5.72 2.89 5.53
% Error 6.9% 31% 10.1% 15.9%
Estimate 3 (€rne) 5.67 2.81 5.69
% Error 7.8% 27.7% 7.47% 14.3%
permittivity of dissipative media. In contrast to using real Air (Half-Space)
and imaginary parts separately, the phase and magnitude of VNA (&=1
complex reflection coefficient are used as inputs to each of
the two networks, one of which one solves for the real part
while the other solves for the imaginary part of the complex ]
e . [€---d -mmmmmmmmm e D
permittivity.
Neural networks can be trained to reconstruct the complex .
permittivity either for €. and €, or for |e.| and Ze, . Our
choice for the network outputs is based on the reason that Grobnd Plane .
permittivity is almost always described in terms of real and ;
imaginary parts (e, = €, — je..), and that can be more easil |
. & ryp ( " " J€ )’ . y Monopole — ||
interpreted in terms of the physics of materials. Probe el feen
The construction of an ANN requires (i) training data, (ii) 2a
a training algorithm, and (iii) an ANN architecture. In this D'zei"ﬁ'c,x?,',‘;m
part, the ANN uses analytical data generated for a monopole
probe according to the model presented in [36]. Following our g 19, A monopole probe of height % and radius a, immersed in a

previous work, we use the Levenberg Marquardt backpropa-
gation algorithm [18]. The architecture includes one hidden
layer, with number of neurons selected by trial and error.

The proposed system uses a monopole probe with a ground
plane, immersed in the dielectric medium, and connected to
a Vector Network Analyzer (VNA). The monopole probe
geometry is shown in Fig. 10, where h is the height and
a is the radius of the probe, while d is the diameter of
the ground plane. The VNA is used to obtain the reflection
coefficient of the probe through S11 measurements across the
frequency range from 2.5 to 5 GHz. The reflection coefficient
is related to the input impedance of the probe through the
simple relationship given by Eq. 9.

Zin - Zo
r==2-m_%°
Zin + Zo

In Eq. 9, ' is the complex reflection coefficient, Z;, is
the input impedance of the monopole probe, and Z, is the
characteristic impedance of the coaxial cable connected to the
probe, which in this case is 50€2. The input impedance Z;,
is computed using rigorous expression developed by Wu [36],
and is given by

©

. Whto

Z5 = ————— 1
o j4k(S + CU) (19)

where

k=ﬂ+joz:w[u (e/—je”)r/z (11)

dissipative dielectric medium with permittivity e, = €, — je,., and connected
to VNA

The functions S, C' and U, along with the approximations
inherent in these expressions, are described in detail in Ap-
pendix A of [37]. These functions along with £ depend on
the measurement frequency, the geometrical dimensions of
the monopole probe (height and radius), and the dielectric
properties of the medium (e, = e; — je;/).

The validity of the monopole probe model is limited to a
specific frequency range depending upon the ratio h/\. For
a 10mm long probe, values of relative permittivity ranging
from 3 - 10 correspond to resonant frequencies ranging from
4.5 GHz to 2.76 GHz, respectively. The phase and magnitude
response to a change in complex permittivity is more pro-
nounced close to the resonance and therefore, our use of this
model is limited to the frequency range from 4 to 5 GHz for the
real part of complex permittivity ranging from 3 - 6. The other
factor which limits the capability of model is determined by
the loss tangent of the medium. It was observed that the model
only worked well for values of tand < 0.2 and consequently
we restrict the values of e: to the range from 0 to 0.5 when
the smallest value of e; is 3.0.

The magnitude and phase of the reflection coefficient was
initially combined into a single vector of training data as illus-
trated in the matrix D shown in Eq. 6. The ANN performance
was adequate for noise free data, however it was observed to be
sensitive to the presence of measurement noise. Measurement
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noise was simulated by adding white Gaussian noise, and
a proportionally larger error was observed in the estimated
values of €, as the noise was increased. These simulations
motivated the incorporation of a scale factor into the algorithm,
so the data matrix D was modified to Dy, by scaling the
magnitude of reflection coefficient by a factor NV as shown in
Eq. 12.

(12)

DSC{NMFW

/T

An appropriate value of the scaling factor was observed to be
N = 6. Several vectors from D,. corresponding to different
values of complex ¢, are shown in Fig. 11.

Two separate networks are employed using the complex
reflection coefficient as the input in the form described in
Eq. 12. By trial and error we determined that a network with
one hidden layer of 25 neurons gave superior performance
in terms of mean square error. Despite having the same input
training data and neuron layer architecture, the networks differ
in terms of weights matrices since they are tracking different
outputs. The two outputs are combined together to reconstruct
the complex permittivity as shown in Fig. 12. In the figure,
IT'¢n| and £Tf, indicate the magnitude and phase of input
reflection coefficient computed/measured at frequency f,,. The
complete frequency range of interest is divided into n steps.

The real part of complex permittivity (e;) was swept from
3.0 to 6.0 with an increment of 0.025, while the imaginary
part (e;/) was swept from 0 to 0.5 with a step size of 0.005.
Measurement noise was simulated by adding white Gaussian
noise with 10dB SNR to the training data and then same
proportion of noise was induced in the test data as well. The
network was then tested for 231 different values of ¢, that
were not used for training the network. The results, tabulated
in Table II, were found to exhibit an error less than 4%. To
confirm that network has converged to a global minimum and
not a local minimum, we repeated the simulation several times
and observed the results for consistency, following [26].
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VI. DISCUSSION AND CONCLUSION

We propose the concept of a passive REMS sensor, with
the potential capability of extracting the time profile of an
environmental variable such as temperature. For lossless sen-
sors, a single neural network was previously demonstrated
to successfully determine the spatially distributed permittivity
profile from the reflection coefficient collected over a range
of frequencies. Since an electro-material line constructed with
thermotropic liquid crystals will be lossy, this paper proposes
an extension of the approach to handle complex permittivity
profiles. We consider the use of two neural networks, each
using the Levenberg Marquardt back-propagation algorithm,
with one solving for the real part while the other solves
for the imaginary part. Both networks require one hidden
layer with 25 neurons. Scaling has been applied to the input
vectors to improve the robustness against measurement noise.
The complex permittivity extraction process was demonstrated
using a single lossy medium and a monopole probe. The
complex permittivity estimated using this approach exhibited
less than 4% error in the presence of white Gaussian noise
(10dB SNR).

The success of the complex permittivity extraction suggests
that the approach can be extended to handle a spatially
distributed lossy profile, which we leave to future work.
We acknowledge that our particular implementation currently
requires a minimum bandwidth of about 1 GHz to accu-
rately estimate the permittivity profile, which eliminates the
possibility of using the ISM band at 5.8 GHz. However,
passive ultrawide bandwidth (UWB) RFID systems are under
consideration for the next generation RFID [44], and our
approach may be practical for such a system.
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